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Abstract: Heart attacks remain one of the leading causes of death worldwide, highlighting the importance of early and 

accurate prediction. This study focuses on developing and comparing two deep learning models—CNN + MobileNet 

and EfficientNetV2B3—for automatic classification of ECG images and deploying the best-performing model as a 

real-time web application. An ECG image dataset consisting of 1,377 samples across four classes (Normal, Myocardial 

Infarction, Abnormal Heartbeat, and History of MI) was obtained from Kaggle. Both models were trained using 

TensorFlow–Keras with data augmentation and hyperparameter tuning on Google Colab (Tesla T4 GPU). Their 

performance was evaluated using accuracy, precision, recall, and F1-score metrics. Results showed that the CNN + 

MobileNet model outperformed EfficientNetV2B3, achieving 89% accuracy, 0.89 precision, 0.88 recall, and 0.89 F1-

score, compared to 79% accuracy for    EfficientNetV2B3. Additionally, CNN + MobileNet demonstrated   smoother 

convergence, faster inference time (~150 ms per image), and a lightweight model size (~30 MB). Thus, CNN + 

MobileNet proved to be more effective for ECG classification and real-time prediction, and its deployment through a 

Gradio-based web interface enables accessible and rapid heart attack detection, especially in remote healthcare settings.  

 

Keywords: Heart attack prediction, ECG classification, Deep learning, CNN + MobileNet, EfficientNetV2B3, Web 

deployment. 

 

I.   INTRODUCTION 

 

Heart disease, particularly myocardial infarction (heart attack), continues to be a leading cause of morbidity and 

mortality worldwide.   

 

Early detection and timely intervention are vital to reducing the risk of severe complications and improving patient 

outcomes. Among various diagnostic tools, the electrocardiogram (ECG) remains one of the most effective and widely 

used methods for detecting cardiac irregularities. However, manual ECG interpretation requires expert knowledge, is 

time-consuming, and is often prone to human error— especially in emergency or resource-limited settings where 

trained cardiologists are not always available. This creates an urgent need for an automated, reliable, and accessible 

diagnostic system that can aid in early heart attack risk prediction.  

 

In recent years, artificial intelligence (AI) and deep learning have shown remarkable success in medical image analysis 

and disease prediction. Convolutional Neural Networks (CNNs), in particular, have demonstrated excellent 

performance in extracting spatial features from images, making them highly suitable for ECG image classification. 

However, deep models often require high computational resources, which limits their real-time usability. To address 

this, lightweight architectures such as MobileNet have been introduced, using depthwise separable convolutions to 
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significantly reduce computation without compromising accuracy. On the other hand, advanced models like 

EfficientNetV2B3 leverage optimized FusedMBConv and MBConv blocks to improve both accuracy and training 

speed through compound scaling.This research focuses on building a predictive system for early heart attack detection 

using deep learning on ECG images.  Two models—CNN combined with MobileNet and EfficientNetV2B3—are  

developed and compared based on their classification accuracy, precision, recall, F1-score, and inference efficiency. 

The CNN + MobileNet model, due to its lightweight nature, demonstrates better performance and computational 

efficiency. To enhance usability, the best-performing model is deployed using a Gradio web interface, enabling real-

time ECG image upload and prediction. This integration not only ensures accessibility to healthcare professionals but 

also empowers individuals to perform preliminary self-assessments.  

  

Overall, this study bridges the gap between advanced deep learning methods and practical healthcare applications by 

combining highperformance prediction models with web-based deployment. The proposed system aims to support early 

diagnosis, assist clinicians in decision-making, and promote the development of cost-effective AIbased cardiac 

monitoring tools. 

  

II.   METHODOLOGY 

 

To develop an efficient and automated system for early heart attack risk prediction, a deep learning-based methodology 

using ECG image data is proposed. The overall approach involves systematic stages including dataset collection, 

preprocessing, model training,evaluation and deployment.A publicly available ECG image dataset is utilized, 

consisting of multiple classes such as Normal, Myocardial Infarction, Abnormal Heartbeat, and History of Myocardial 

Infarction, to ensure comprehensive classification. To meet the input requirements of deep learning architectures, all 

ECG images are resized to a uniform dimension and normalized to ensure consistent pixel intensity values. In order to 

improve model robustness and reduce overfitting, real-time data augmentation techniques such as rotation, zooming, 

shifting, and flipping are applied during training. These preprocessing steps enhance the diversity of the dataset and 

improve generalization capability.  

  

Two deep learning models—CNN combined with MobileNet and EfficientNetV2B3—are implemented for feature 

extraction and classification. The CNN + MobileNet model utilizes depthwise separable convolutions to achieve 

computational efficiency while maintaining high accuracy, whereas EfficientNetV2B3 employs optimized 

convolutional blocks and scaling techniques for enhanced feature learning. Both models are trained using appropriate 

hyperparameters and evaluated using performance metrics such as accuracy, precision, recall, and F1-score.  

  

Finally, a comparative analysis is conducted to determine the best-performing model, and the optimal model is 

deployed using a web-based interface for real-time ECG classification. This methodology provides an effective, 

scalable, and practical solution for early heart attack detection, particularly in resource-constrained healthcare 

environments.  

 

A. CNN+MobileNet Architecture  

  

The CNN + MobileNet model is designed as a hybrid architecture that combines the feature extraction capability of 

convolutional neural networks with the efficiency of the MobileNet framework. Initially, convolutional layers are used 

to extract low-level spatial features such as edges, textures, and patterns from ECG images. These features are then 

passed to the MobileNet backbone, which utilizes depthwise separable convolutions to significantly reduce the number 

of parameters and computational complexity.The architecture consists of depthwise convolution layers followed by 

pointwise convolution layers, enabling efficient channelwise and spatial feature extraction. Batch normalization and 

activation functions are applied after each convolutional operation to improve training stability and convergence. 

Pooling layers are incorporated to reduce spatial dimensions and prevent overfitting. The extracted feature maps are 

then flattened and passed through fully connected dense layers for classification. Finally, a Softmax activation layer is 

used to classify ECG images into four categories: Normal, Myocardial Infarction, Abnormal Heartbeat, and History of 

Myocardial Infarction.  
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This model is particularly advantageous due to its lightweight structure, faster training time, and suitability for real-

time applications, making it ideal for deployment in web-based and resourcelimited environments.  

   

B.     EfficientNetV2B3 Architecture               

  

The EfficientNetV2B3 model is an advanced  

deep learning architecture that focuses on improving both  

accuracy and training efficiency through optimized network scaling and design. The model begins with a convolutional 

stem layer that captures basic ECG features, followed by multiple stages of Fused-MBConv and MBConv blocks that 

enable efficient feature extraction at different scales.Each MBConv block incorporates depthwise convolution, 

expansion layers, and projection layers, along with Squeeze-andExcitation (SE) mechanisms that enhance important 

feature representations by assigning adaptive weights.   

The use of the Swish (SiLU) activation function helps in smoother gradient propagation and faster convergence during 

training. Skip connections are also included to avoid vanishing gradient problems and to improve feature reuse across 

layers.  

  

The final layers of the network include global average pooling followed by fully connected layers, which perform 

classification using a Softmax activation function. Although this model provides strong feature learning capability and 

improved accuracy for complex patterns, it requires higher computational resources and longer training time compared 

to lightweight architectures.  

  

C.   Evaluation Metrics  

 

To ensure a comprehensive evaluation of the proposed models for ECG image classification, their predictive 

performance was assessed using several standard classification metrics. Accuracy was used to measure the overall 

correctness of the model’s predictions across all classes. Precision was utilized to evaluate the reliability of positive 

predictions, indicating how many of the predicted positive cases were actually correct. Recall (sensitivity) measured the 

model’s ability to correctly identify true positive cases, which is particularly important in medical diagnosis to 

minimize missed detections of heart abnormalities. The F1-score, defined as the harmonic mean of precision and recall, 

provided a balanced evaluation of both metrics, especially in the presence of class imbalance. In addition, a confusion 

matrix was employed to present a detailed breakdown of classification results, including true positives, true negatives, 

false positives, and false negatives for each ECG category. This enabled a deeper understanding of model performance 

across Normal, Myocardial Infarction, Abnormal Heartbeat, and History of Myocardial Infarction classes. Furthermore, 

the overall classification capability of the models across different decision thresholds can be analyzed using 

performance curves such as Receiver Operating Characteristic (ROC), although primary evaluation in this study is 

based on classification metrics. In addition to predictive performance, computational efficiency was also assessed using 

parameters such as model size (in MB), training time per epoch (in seconds), and inference time per image (in 

milliseconds). These metrics are essential for determining the feasibility of real-time deployment in practical healthcare 

applications.  

  

 D. Deployment Architecture  

  

The best-performing model, CNN MobileNet, was deployed        Gradio,   an open-source Python framework that 

enables rapid development of interactive web applications for machine learning models. The deployment process 

involved several key stages to ensure seamless usability and accessibility. Initially, model serialization was performed 

by saving the trained model architecture and weights, allowing it to be loaded for inference without retraining. A user-

friendly web interface was then designed, enabling users to upload ECG images for analysis. Upon image upload, 

preprocessing steps such as resizing and normalization are automatically applied before feeding the input into the 

trained model. The system generates output in the form of predicted class labels—Normal, Myocardial Infarction, 

Abnormal Heartbeat, or History of Myocardial Infarction—along with corresponding confidence scores. The interface 
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is designed to present results clearly, making it easy for users to interpret predictions. Finally, the application is 

configured for deployment in a cloud environment, enabling access through a public URL. 

 

III.   SYSTEM ARCHITECTURE 

  

The proposed system architecture begins with the collection of ECG image data, which serves as the input to the 

model. During the preprocessing stage, images undergo resizing, normalization, and augmentation to enhance data 

quality and improve model generalization. These processed images are then fed into deep learning models—CNN + 

MobileNet and EfficientNetV2B3—for feature extraction and classification. The models analyze ECG patterns and 

classify them into four categories: Normal, Myocardial Infarction, Abnormal Heartbeat, and History of Myocardial 

Infarction. The classification process is   based on learned spatial features and patterns present in ECG signals.  

 
 

FIG. 1. PROPOSED SYSTEM ARCHITECTURE 

  

The prediction results are then generated along with confidence scores, which provide insight into the certainty of the 

model’s decision. Finally, the trained model is integrated into a Gradio-based web interface, allowing users to upload 

ECG images and receive real-time predictions. This end-to-end system ensures accurate, efficient, and user-friendly 

heart attack risk prediction suitable for realworld applications.   

    

IV.   RESULTS 

 

A. CNN+MobileNet Performance Analysis 

 

The CNN + MobileNet model demonstrated strong and stable learning performance during the training process. The 

model achieved a maximum validation accuracy of 89%, indicating its effectiveness in classifying ECG images into 

multiple categories.  

  

The training and validation accuracy curves showed smooth convergence with minimal fluctuations, suggesting that the 

model successfully learned the underlying patterns without significant overfitting. The validation loss decreased 

consistently throughout the training process, reaching a low value, which confirms the model’s ability to generalize 

well on unseen data.   

The gap between training and validation accuracy remained small, further indicating good model stability and 

reliability.  

 

In terms of classification performance, the model showed high precision and recall across most classes, particularly for 

Normal and Myocardial Infarction categories. The confusion matrix revealed a higher number of true positive 

predictions with fewer misclassifications compared to the other model. Additionally, the model exhibited excellent 

computational efficiency, with a smaller model size (~30 MB) and faster inference time (~150 ms per image), making 

it suitable for real-time deployment. Overall, the CNN + MobileNet model proved to be highly effective for ECG 

classification and early heart attack prediction. 
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Fig.2. TRAINING&VALIDATION CURVES 

 Fig3 displays the confusion matrix provides a detailed visualization of the classification performance across different 

ECG categories. The CNN + MobileNet model achieves a higher number of correct predictions (true positives) with 

fewer misclassifications. In comparison, EfficientNetV2B3 shows increased confusion between certain classes, 

particularly in abnormal categories, leading to reduced overall performance. 

  

 
 

  

FIG3. CONFUSION MATRIX 

 

B.EfficientNetV2B3 Performance Analysis 

 

The EfficientNetV2B3 model also demonstrated good learning capability but with relatively lower performance 

compared to the CNN + MobileNet model. The model achieved a validation accuracy of approximately 79%, indicating 

moderate classification performance. During training, the accuracy curves showed some fluctuations in the later 

epochs, suggesting slight overfitting. The validation loss did not decrease as smoothly as observed in the CNN + 

MobileNet model, indicating less stable convergence. The confusion matrix analysis revealed a higher number of 

misclassifications, particularly in Abnormal Heartbeat and History of Myocardial Infarction classes. Although the 

model was able to extract complex features due to its deeper architecture, it required higher computational resources. 

 

 
 

FIG 4.ACCURACY AND LOSS GRAPH 

 

Fig.3 displays the confusion matrix provides a detailed visualization of the classification performance across different 

ECG categories. The CNN + MobileNet model achieves a higher number of correct predictions (true positives) with 
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fewer misclassifications. In comparison, EfficientNetV2B3 shows increased confusion between certain classes, 

particularly in abnormal categories, leading to reduced overall performance. 

 

 
 

FIG.5 CONFUSION MATRIX OF EFFICIENTNETV2B3 

 

 C..SAMPLE PREDICTION  

  

To demonstrate the effectiveness of the proposed system, sample ECG images were provided as input to the trained 

CNN + MobileNet model through the deployed web interface. The system successfully processed the input images and 

generated predictions along with corresponding confidence scores in real time. For a given ECG sample, the model 

correctly classified the image into one of the four categories— Normal, Myocardial Infarction, Abnormal Heartbeat, or 

History of Myocardial Infarction. For instance, when an ECG image representing a myocardial infarction case was 

input, the model predicted the class as Myocardial Infarction with a high confidence score, indicating strong certainty 

in its decision. The prediction process involves automatic preprocessing of the uploaded image, followed by feature 

extraction and classification using the trained deep learning model. The output is then displayed in a user-friendly 

format, including the predicted label and probability score for each class. The sample predictions highlight the model’s 

ability to accurately distinguish between different ECG conditions, even in cases with subtle variations. This 

demonstrates the robustness and reliability of the proposed system for real-time heart attack risk detection. 

 

 
 

FIG 6. GRADIO INTERFACE 

 
FIG 6: NORMAL  PATIENTS 
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FIG 7: ABNORMAL HEART BEAT 

 

 
 

FIG 8: MIYOCARDIAL PATIENTS 

 

 

Figure 8: History of Miyocardial Patients 

 

V.   DISCUSSION 

 

The findings of this study highlight the potential of deep learning techniques in improving early heart attack risk 

prediction using ECG image data. Two different architectures—CNN + MobileNet and EfficientNetV2B3—were 

implemented and compared to evaluate their effectiveness in multi-class ECG classification. Based on the experimental 

results, it is evident that the CNN + MobileNet model achieved superior performance across multiple evaluation 

metrics, including accuracy, precision, recall, and F1-score. The CNN + MobileNet model achieved an overall accuracy 

of 89%, outperforming EfficientNetV2B3, which achieved 79%. 

 

This performance difference can be primarily attributed to the architectural design of MobileNet, which employs 

depthwise separable convolutions. This approach allows the model to efficiently capture spatial features from ECG 

images while significantly reducing the number of parameters and computational complexity.As a result, the model not 

only performs better but also converges faster during training. The training behavior of both models further supports 

this observation. The CNN + MobileNet model exhibited smooth and stable convergence, with minimal gap between 

training and validation accuracy, indicating good generalization capability. In contrast, EfficientNetV2B3 showed 

fluctuations in validation accuracy and loss during later epochs, suggesting mild overfitting. This can be explained by 

the higher complexity of EfficientNetV2B3, which may require a larger dataset to fully utilize its deep architecture and 
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avoid overfitting. A deeper analysis using confusion matrices revealed that the CNN + MobileNet model was more 

effective in correctly classifying critical categories such as Myocardial Infarction and Normal ECG signals. Accurate 

identification of myocardial infarction cases is particularly important in clinical scenarios, as misclassification may lead 

to delayed diagnosis and treatment. The EfficientNetV2B3 model, although capable of extracting complex features, 

showed relatively higher misclassification rates, especially in distinguishing between abnormal heartbeat and history of 

myocardial infarction classes. This indicates that the model may have difficulty in capturing subtle variations in ECG 

patterns when trained on limited data.  

 Another important aspect of this study is computational efficiency, which plays a crucial role in real-time healthcare 

applications. The CNN + MobileNet model demonstrated clear advantages in terms of model size, training time, and 

inference speed. With a model size of approximately 30 MB and an inference time of around 150 milliseconds per 

image, it is well-suited for deployment in web-based and low-resource environments. On the other hand, 

EfficientNetV2B3 required nearly double the model size and longer inference time, making it less practical for real-

time applications despite its advanced architecture. The successful deployment of the CNN + MobileNet model using a 

web-based interface further validates its practical applicability. The integration with Gradio enables users to upload 

ECG images and receive instant predictions, making the system accessible to healthcare professionals as well as 

individuals in remote or resource-limited areas. This real-time capability  

enhances the usability of the proposed system and  

 

supports early diagnosis, which is critical in reducing the risk of severe cardiac events. Despite the promising results, 

certain limitations should be acknowledged. The dataset used in this study is relatively small and limited to ECG 

images, which may affect the robustness and generalizability of the models. Additionally, the use of image-based ECG 

data does not fully capture temporal information present in raw ECG signals, which could provide more detailed 

insights into cardiac activity. Furthermore, the current system does not include explainable AI techniques, which are 

important for increasing transparency and trust in medical decision-making systems. Future work can focus on 

addressing these limitations by incorporating larger and more diverse datasets, including real-time ECG signal data, 

and exploring hybrid models that combine convolutional and sequential architectures such as CNN-LSTM or 

CNNBiLSTM. The integration of explainable AI methods such as GradCAM can also help visualize the regions of 

ECG images that influence model predictions, thereby improving interpretability. Additionally, optimizing the model 

for mobile and edge devices can further enhance its applicability in telemedicine and remote healthcare monitoring 

systems. In conclusion, the comparative analysis clearly demonstrates that the CNN + MobileNet model provides a 

better balance between accuracy, efficiency, and practicality for ECG-based heart attack prediction. The model’s strong 

performance, combined with its lightweight nature and successful deployment, makes it a promising solution for real-

world healthcare applications aimed at early detection and prevention of cardiovascular diseases. 

 

VI.   CONCLUSION 

 

This study presented an efficient deep learning-based approach for early heart attack risk prediction using ECG image 

data, focusing on the development and comparison of two advanced architectures, namely CNN combined with 
MobileNet and EfficientNetV2B3. The experimental results clearly demonstrated that the CNN + MobileNet model 

outperformed EfficientNetV2B3 across all major evaluation metrics, achieving a higher accuracy of 89% along with 

improved precision, recall, and F1-score. The superior performance of the CNN + MobileNet model can be attributed 

to its lightweight architecture, which effectively utilizes depthwise separable convolutions to extract meaningful ECG  

features while maintaining low computational complexity. In addition to accuracy, the model exhibited faster training 

convergence, reduced inference time, and smaller model size, making it highly suitable for real-time and resource-

constrained healthcare environments. The successful deployment of the model using a web-based interface further 

validates its practical applicability, enabling users to upload ECG images and receive instant predictions, thereby 

supporting early diagnosis and timely medical intervention. Despite these promising results, certain limitations exist, 

including the relatively small dataset size and the use of ECG images instead of raw signal data, which may limit the 

model’s ability to capture temporal variations in cardiac activity.   

To address these limitations, future work will focus on expanding the dataset with larger and more diverse ECG 

samples, as well as integrating real-time ECG signal analysis to improve prediction accuracy and robustness. 
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Additionally, hybrid deep learning models such as CNN-LSTM or CNN-BiLSTM can be explored to better capture 

both spatial and temporal features of ECG signals. The incorporation of Explainable Artificial Intelligence techniques, 

such as Grad-CAM, will further enhance model interpretability and build trust among medical professionals. Moreover, 

optimizing the system for mobile and edge devices can enable deployment in wearable health monitoring systems and 

telemedicine applications, making continuous heart monitoring more accessible. The integration of additional clinical 

parameters, including patient demographics and medical history, can further improve prediction reliability. Overall, the 

proposed system demonstrates strong potential as a scalable, efficient, and practical solution for early heart attack 

detection, with future enhancements aimed at improving accuracy, interpretability, and real-world applicability in 

modern healthcare systems.  
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